The spatial pattern of Sharka disease, caused by Plum pox virus (PPV) strain M, was investigated in 18 peach plots located in two areas of southern France. PPV infections were monitored visually for each individual tree during one to three consecutive years. Point pattern and correlation-type approaches were undertaken using the binary data directly or after parsing them in contiguous quadrats of 4, 9, and 16 trees. Ordinary runs generally revealed a low but variable proportion of rows with adjacent symptomatic trees. Aggregation of disease incidence was indicated by the q parameter of the beta-binomial distribution and related indices in 15 of the 18 plots tested for at least one assessment date of each. When aggregation was detected, it was indicated at all quadrat sizes and tended to be a function of disease incidence, as shown by the binary form of Taylor's power law. Spatial analysis by distance indices (SADIE) showed a nonrandom arrangement of quadrats with infected trees in 14 plots. The detection of patch clusters enclosing quadrats with above-average density of symptomatic trees, ellipsoidal in shape and generally extending from 4 to 14 trees within rows and from 4 to 10 trees perpendicular to the rows, could be interpreted as local areas of influence of PPV spread. Spatial patterns at the plot scale were often characterized by the occurrence of several clusters of infected trees located up to 90 m apart in the direction of the rows. When several time assessments were available, increasing clustering over time was generally evidenced by stronger values of the clustering index and by increasing patch cluster size. The combination of the different approaches revealed a wide range of spatial patterns of PPV-M, from no aggregation to high aggregation of symptomatic trees at all spatial scales investigated. Such patterns suggested that aphid transmission to neighboring trees occurred frequently but was not systematic. The mechanism of primary virus introduction, the age and structure of the orchards when infected, and the diversity of vector species probably had a strong influence on the secondary spread of the disease. This study provides a more complete understanding of PPV-M patterns which could help to improve targeting of removal of PPVinfected trees for more effective disease control.
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Plum pox or Sharka of stone fruits is caused by Plum pox virus (PPV, genus Potyvirus, family Potyviridae). The main woody hosts of PPV are the fruit-producing species of Prunus, including apricots (Prunus armeniaca L.), peaches (P. persica L.), and European and Japanese plums (P. domestica L. and P. salicina Lindl., respectively). Almond (P. amygdalus Batch) can be experimentally infected by graft and aphid transmission, but trees usually show very few symptoms (5, 8) . Sweet and sour cherries (P. avium L. and P. cerasus L.) may be systemically infected by a few unique PPV strains (4, 35, 36) . The virus is transmitted by vegetative propagation and is spread in orchards by aphids in a nonpersistent manner, inducing rapidly spreading epidemics. At least 14 distinct aphid species that may or may not colonize Prunus trees were found to transmit the virus in controlled transmission experiments (1, 23, 26) .
To date, four groups of PPV have been identified: PPV-D and PPV-M constitute the two main groups, both widely distributed in Europe and showing significant differences in their epidemiological properties. These two strains differ in disease severity among Prunus spp. and especially in their ability to infect peach trees after aphid transmission. Fast spreading outbreaks are most often linked to the PPV-M strain (6, 41) . Competitive natural recombinants between M and D strains have been detected in eastern Europe (9) . Two other minor groups include apricot isolates from Egypt (PPV-EA) and isolates able to infect cherries systemically (PPV-C) (36, 52) .
Sharka disease was first detected in Bulgaria in 1915 and since then has spread to most of Europe, the Mediterranean, the Middle East, India, and Chile (43, 45) . The PPV-D strain was detected in North America for the first time in peach and plum orchards in Pennsylvania in 1999 (27) . In June of 2000, PPV-D also was confirmed in Canada, and subsequently, positive trees have been located in all major peach/nectarine production areas of the Niagara peninsula (Ontario, Canada). In France, PPV-D was first detected in 1970 mainly in apricot orchards and was maintained at a very low incidence by strict sanitation programs. A change in the epidemics began in the late 1980s with the detection of unusually rapid spreading infections in peach orchards (41) . This change was related to the introduction of the PPV-M strain in southern France. By typing more than 200 virus isolates from the main foci of infection of southern France, a differential distribution of the PPV-D and PPV-M strains was found in apricot and peach orchards; the PPV-D strain was predominantly restricted to apricot orchards, whereas PPV-M was prevalent in peach orchards (6, 41) . A strict program of disease control by the removal of symptomatic peach trees has been undertaken in France since the detection of this aggressive PPV-M strain in peach orchards. However, no detailed analysis of the spatial pattern of PPV-M-infected trees has been done in these orchards. Such information can be of great importance in fully understanding disease distribution and dynamics (28) , to develop more accurate sampling plans (31) , and to develop and improve effective strategies of removal of diseased trees.
Analysis of the spatial pattern and spread of PPV in orchards is relatively rare and available only for orchards infected by the PPV-D strain (10, 15, 34) . Very recently, PPV-M spread has been monitored in apricot orchards in southern Greece, but the analysis was mainly focused on temporal aspects (51) . The most recent extensive analysis was conducted on the spatial pattern of Sharka disease affecting apricot and peach orchards in Spain (10) . Only a few orchard-by-year assessments were found to have aggregation of adjacent Sharka-diseased trees within and across the row directions. In addition, aggregation of disease incidence for data partitioned within contiguous quadrats from 2 × 2 to 3 × 3 trees was rare and more frequent for plots with higher disease incidence. Two-dimensional distance class and semivariance analyses confirmed a general lack of spatial dependency of immediately adjacent PPV-infected trees and showed a trend for higher-order spatial relationships for distances corresponding to approximately 4 to 7 and again at 9 to 15 trees away (10) .
A variety of statistical tools are currently available to quantify spatial pattern of disease within plots (28, 30, 50) . Aggregation between adjacent trees in one direction (within or across rows) can be evaluated by the commonly used ordinary runs analysis (32) . Distributional approaches like the beta-binomial distribution and the binary form of Taylor's power law can be used to evaluate heterogeneity in disease incidence for data grouped into sampling units (e.g., quadrats) and to assess the pattern of disease at some scale within the quadrats (20, 30) . These approaches have been used to develop and adjust hierarchical sampling methods for the assessment of Citrus tristeza virus and PPV incidence throughout the Prunus production areas of the United States and Canada (17) (18) (19) .
Spatial relationships among sampling units or quadrats with similar disease status can be generally evaluated by spatial autocorrelation (14, 46) . The spatial analysis by distance indices (SADIE) method, developed to detect clusters in counts data independent of their numeric properties (37, 38, 40) , was recently used to quantify the spatial patterns of fungal and viral diseases (22, 38, 44, 47, 49) .
The objectives of this study were to examine the spatial patterns of PPV-M in peach orchards in southern France and to compare these patterns with those previously characterized for PPV-D elsewhere.
MATERIALS AND METHODS
Field plots and surveys. Eighteen peach orchards located in commercial stone fruit plantings in the Gard (G) and Pyrénées-Orientales (PO) areas in southern France were surveyed for PPV infections. The two areas are located about 200 km apart. The peach cultivars, size of the plots, and density of planting are reported in Table 1 . All plots were irrigated and received standard commercial horticultural, disease, and insect management.
Plots were surveyed visually for the presence of PPV symptoms by trained professional teams. The reliability of visual inspections to detect PPV infections on peach was assessed by comparing the results of visual inspections with those obtained from a fieldadapted immuno-printing detection test (25) performed on 1,000 individual trees (G. Labonne, unpublished data). All trees in each surveyed plot were inspected two to three times each year from spring to early summer when symptoms are most easily observed. Some plots were surveyed for a single year and destroyed when incidence exceeded established threshold PPV levels, whereas others were surveyed annually for up to three successive years. In the latter case, PPV-infected trees were identified and removed each year. Initial infection within each plot was confirmed via double-antibody sandwich enzyme-linked immunosorbent assay on a bulk sample of leaves collected from one to several symptomatic trees. The strain of PPV was characterized via polymerase chain reaction or western blot (2) . All plots were infected exclusively with the PPV-M strain.
Collection and partitioning of the data. Maps with locations of all symptomatic and nonsymptomatic trees, a complete census of binary data, were prepared from survey results for each plot and each year. When disease was assessed for several years, annual maps recording all previous and new infections were available and cumulative infection data were analyzed. A total of 32 maps for the 18 plots were used for analysis. The binary data also were parsed into contiguous quadrats of various sizes (2 × 2, 3 × 3, and 4 × 4 trees per quadrat). The resulting number of quadrats, N, per plot varied from 12 to 493, depending on the plot and quadrat size.
Spatial analyses. The methods undertaken used the individual binary data directly for unidirectional analysis (ordinary runs) or when grouped into quadrats, allowing us to evaluate the spatial patterns of infected trees within the quadrats via the analysis of heterogeneity of disease incidence (point pattern analysis) as well as the spatial arrangements of the quadrats with infected trees (SADIE).
Ordinary runs. Ordinary runs analyses were performed on binary data from each plot and assessment date to determine if aggregation existed between adjacent symptomatic trees within the row or across the rows with the use of a Visual Basic Excel macro (T. Gottwald, unpublished software). A nonrandom pattern (i.e., aggregation) of PPV symptomatic trees was assumed for each row separately if the observed number of runs was less than the expected number of runs at P = 0.05 using a standard-normal test (3, 32) . Point pattern analysis. Heterogeneity in disease incidence can be evaluated by fitting the binomial and beta-binomial distributions to the frequency distribution of diseased plants per sampling unit or quadrat (21) . The binomial distribution is the most appropriate to describe a random pattern of disease incidence, whereas the beta-binomial distribution suggests an aggregated pattern of disease incidence. Using the beta-binomial distribution software (21, 29) , the maximum likelihood estimates and standard errors of the parameters p (the expected probability of disease) and q (a measure of the variation in disease incidence per quadrat) of the beta-binomial distribution were calculated for each plot and assessment date for the three quadrat sizes (n = 4, 9, and 16 trees). t tests were used to determine if the maximum likelihood estimates of q differed significantly from 0 (when q equals 0, the beta-binomial distribution is reduced to the binomial distribution) (30) . The C(a) test was used to test for the null hypothesis of randomness with the alternative hypothesis of overdispersion described specifically by the beta-binomial (21, 29) . The test statistic has a standard-normal distribution under the null hypothesis of randomness and is given by
1/2 (with D defined as the ratio of the observed variance of diseased trees per sampling unit to the theoretical binomial variance).
Direct measurements of heterogeneity were provided by q when the beta-binomial was appropriate (30) . For some applications, it was reparameterized as the intracluster correlation coefficient r = q/(1 + q), which is a measure of the tendency of individual plants within quadrats to have the same disease status when n is not always constant (30, 33) . We also calculated the index of dispersion (D). Values of D > 1 suggest aggregation because the observed variance of disease incidence is inflated above the expected binomial variance. The quantity (N -1)D follows a c 2 distribution (with N -1 df) under the null hypothesis of randomness.
The binary form of Taylor's power law was used as an assessment of overdispersion across all data sets and allowed us to examine if the degree of heterogeneity was related to the mean disease incidence. The power law modified by Hughes and Madden (20) for disease incidence data can be expressed as a relationship between the observed sample variance of diseased trees within quadrats (v obs ) and the theoretical variance of random distribution (v bin ), that is the binomial variance for binary data [np (1 -p) ]. It can be written as ln(v obs ) = ln(A x ) + bln(v bin ), in which ln(A x ) and b are the intercept and the slope of the regression line, respectively. When both A x and b are equal to 1, then a random spatial pattern is suggested and best described by the binomial distribution. When b = 1 and A x > 1, there is overdispersion with no dependence on p. When both A x and b are >1, the degree of aggregation varies with p. The parameters ln(A x ) and b were estimated by linear regression using the leastsquares method. The equality of ln(A x ) to 0 and b to 1 was tested by a t test using the estimates of the parameter and its standard error.
SADIE. SADIE was used to evaluate the spatial arrangement of quadrats with infected trees at the plot scale. The method uses the coordinates (location) of the quadrats and the counts of individuals (i.e., symptomatic trees) per quadrat to quantify the spatial pattern in the sampled population (37, 38) . This is done by measuring the minimum total effort that the individuals must expend to move to arrangements in which the individuals are spaced as regularly as possible (i.e., achieve the same number m in each sampling unit). This effort is represented by the distance to regularity (D r ). The degree of nonrandomness within a set of data is quantified by comparing the observed spatial pattern with rearrangements obtained after random permutations of the individuals among the quadrats. P a , defined as the proportion of randomized samples with distance to regularity as large as or larger than the observed value of D r, , can be used for a one-sided test of spatial aggregation (at the significance level of 5%). The hypothesis of a more regular spatial distribution of counts than would be expected by chance could also be tested but was not of interest here because very few such arrangements occur in field data (22) . An overall index of aggregation (I a ) is given by I a = D r /E a , where E a is equal to the mean distance to regularity of the randomized samples. An aggregated pattern is indicated by I a > 1, a spatially random pattern if I a = 1, and a regular pattern if I a < 1. The red-blue extension of SADIE was used to measure and map the degree of pattern locally (40) . The organization of clusters into patches (neighborhoods of units with counts larger than the average density of m) or gaps (neighborhoods of units with counts of <m) can be analyzed by computing a dimensionless index of clustering from randomizations for each sampling unit (quadrat) (40) . The index n i measures the degree to which the unit contributes to a patch, whereas n j is defined similarly but for a gap and takes by convention a negative value. As a general rule, we considered large values of n i > 1.5 or small values of n j < -1.5 as members of a patch or a gap, respectively (1.5 the expected values of n i = 1 or n j = -1 for random arrangements). A more formal test of the degree of clustering was provided by comparing the average values of n i and n j with their corresponding values from randomizations. Maps and contour plots were drawn from those values. The number of the patch and gap clusters, their location, and their size were analyzed visually and by using the information provided by the clusterxyc.exe program (described below). a Values correspond to the number of rows with significant aggregation (P = 0.05) relative to the total number of rows tested.
We performed SADIE and red-blue analyses for each plot parsed into quadrats of 2 × 2 trees. We used the recent version of SADIE (SADIEshell software, available at the Rothamsted Research Institute website) with the rbrelv13.exe and clusterxyc.exe programs developed by Perry et al. (40) . A total of 2,028 randomizations were performed for each individual analysis. "Bubble" and contour plots were drawn using the Surfer 8 software (Golden Software, Golden, CO).
RESULTS
Aggregation of diseased trees within rows. Ordinary runs analysis provided a simple way to detect aggregation of adjacent symptomatic trees in a single direction at a specific time, within or across rows. All the plots showed aggregation of symptomatic trees at least within one or across one row at one assessment date ( Table 2 ). However, the proportion of rows or across-rows with aggregated symptomatic trees was highly variable from one plot to another and was generally low. Aggregation involving more than 50% of the rows or across-rows was detected in only five plots, three from the Gard area and two from the Pyrénées Orientales area.
Heterogeneity of disease incidence. Distribution analysis and measures of aggregation. Because the number of disease classes often was too low to compute c 2 goodness-of-fit tests, the adequacy of the beta-binomial distribution to describe the frequency distribution of disease incidence in the plots studied was evaluated by the C(a) test and indirectly by testing the departure of the q parameter from 0. The likelihood estimates of the beta-binomial parameters p and q could be calculated in 77% of the data sets (all quadrat sizes included), and in 70.2% of these cases, t tests showed that the value of q was significantly different from 0 (Table 3) . A very high agreement (96%) was found between the results of the test of q and the results of the C(a) test. However, the C(a) test indicated nonrandomness more often (in 63.5% versus 53.1% of the whole data set), partly because the likelihood estimation of the beta-binomial parameter was not always possible. In this latter case, disease incidence often was less than 0.10 or the moment estimate of q was close or equal to 0. There was also a complete agreement between the results of the C(a) test and the c 2 test for D. Aggregation of disease incidence was indicated for at least one yearly assessment for the majority of plots from the Pyrénées Orientales area (in eight of nine plots) and for the Gard area (in seven of nine plots) ( Table 3) . Absence of aggregation for all quadrat sizes and for each year of the survey was observed for G-3, G-9, and PO-8 plots, whereas aggregation for PO-1 appeared very transient. When significant heterogeneity was detected, it generally included all quadrat sizes from 2 × 2 to 4 × 4 trees, but its intensity varied among plots, with assessment dates and size of the quadrats. When the tests for aggregation were significant, estimated q values ranged from 0.04 to 1.28 and D values from 1.19 to 7.1 for all quadrat sizes. The index of dispersion (D) generally increased with increasing quadrat size (median values of 1.46, 1.98, and 2.78 for quadrats of 2 × 2, 3 × 3, and 4 × 4 trees, respectively, for all data with significant aggregation). The q parameter appeared globally more stable (median values of 0.17, 0.15, and 0.16 for quadrats of 2 × 2, 3 × 3, and 4 × 4 trees, respectively), even though individual plots showed distinct trends (Table 3) . a Maximum likelihood estimate of the beta-binomial parameter q. Significant departures from zero were determined by a t test (t = q/SE (q)) and indicated overdispersion. Significance (*) is indicated at P = 0.05. Values in italics indicate that the likelihood estimation procedure for the p and q parameters of the beta-binomial distribution failed to converge and that q was calculated using the moment method, but its departure from zero could not be tested (29) . Plotting the intracluster correlation coefficient (r) (directly related to parameter q) against disease incidence suggested a positive relationship between aggregation and disease incidence, especially for quadrats of 2 × 2 trees. There was, however, considerable variation in the r values at a given p (Fig. 1A to C) . A similar trend was observed with the dispersion index (D) (data not shown).
Binary power law. The binary form of Taylor's power law provided a good description of the relationship between the loga-
. This relation was better explained, however, with quadrats of 4 trees than with quadrats of 9 and 16 trees (Table 4) . For all quadrat sizes, most of the points (each point representing one plot at one assessment date) were clearly located above the binomial (random) line (Fig. 1D to F) . With both A x and b > 1, the degree of heterogeneity varied with disease incidence. Spatial arrangement of quadrats with infected trees. The SADIE program successfully calculated the distance to regularity (D r ) and the distribution of the distances to regularity under randomizations for all data sets. The index of aggregation (I a ) and P a , the proportion of randomized samples larger than the observed value of D r , indicated significant aggregation of quadrats with symptomatic trees for at least one assessment in six of the nine plots from the Gard area (Table 5 ) and in seven of the nine plots from the Pyrénées Orientales area (Table 6 ). Computation of the indices of clustering for patch (n i ) and gaps (n j ) verified these results in most cases. The n i and n j indices appeared more informative than the I a index alone for plots PO-1 (1996) and G-9 (1995), but in these cases, only one of the two clustering indices was significant. For plots PO-3 (1994) and G-6, significant clustering was indicated only for gaps even though P values associated with patch clustering were very close to the 5% probability level. Further analysis using the maximum number of randomizations possible (5,967) showed a decrease in P values associated to patch clustering without, however, achieving significance (data not shown). a I a is the overall index of aggregation and P a is the proportion of the 2,028 randomizations larger than D r (the moves to regularity of the observed data). The null hypothesis of spatial randomness is rejected if P a < 0.05 in favor of the alternative hypothesis of aggregation.
b i n and j n correspond to the average values of the indices of clustering n i (patch) and n j (gap) computed for each quadrat, respectively. P values correspond to the proportion of randomized i n or j n that exceed the observed values.
c Patchiness indicates the number of patch clusters covering two or more quadrats with clustering indices greater than or equal to 1.5 as well as the size of the largest patch (the sizes for smaller ones are in parentheses). Information is given only for plots with significant overall aggregation and/or patch clustering. d The distance between the centroid of the main patch cluster to the centroid of the secondary main patch cluster in quadrat units. When several clusters of the same size were observed, the distance was calculated in consideration of the most distant one. a I a is the overall index of aggregation and P a is the proportion of the 2,028 randomizations larger than D r (the moves to regularity of the observed data). The null hypothesis of spatial randomness is rejected if P a < 0.05 in favor of the alternative hypothesis of aggregation.
c Patchiness indicates the number of patch clusters covering two or more quadrats with clustering indices greater than or equal to 1.5 as well as the size of the largest patch (the sizes for smaller ones are in parentheses). Information is given only for plots with significant overall aggregation and/or patch clustering. d The distance between the centroid of the main patch cluster to the centroid of the secondary main patch cluster in quadrat units. When several clusters of the same size were observed, the distance was calculated in consideration of the most distant one.
A high heterogeneity of spatial patterns was suggested among the different plots when the maps of clustering indices were inspected (Fig. 2, example for plot G-4) . One to thirteen distinct patches of infection (of two or more quadrats) per plot were visually identified in the plots for which overall aggregation was significant (Tables 5 and 6 ). There was often a large patch cluster and one to several smaller ones. The size of the larger patch clusters varied from 4 (G-7) to 47 (G-1) quadrats and often extended in the row direction, and several of them, especially in the Pyrénées Orientales region, shared a boundary with one edge of the plot. The secondary patch clusters were generally much smaller, extending from 2 to 11 quadrats (median size of three quadrats, i.e., 12 trees). They were located up to 90 m (for plot PO-9) from the main clusters, preferentially in the direction of the rows. When several time assessments were available for a plot, I a and n i values tended to increase, suggesting an intensification of clustering from 1 year to another. This was illustrated by a general increasing size of the main patch clusters as well.
The strongest clustering was detected in plots G-1 and G-2, located in the Gard region, as indicated by high significant values of aggregation and clustering indices (n i values of 6.719 and 5.940 for G-1 and G-2, respectively). Such clustering was essentially related to a strong contrast between very large patches of infection constituted by 47 (G-1) and 42 (G-2) quadrats located at one extremity of the plot and large sparsely infected regions at the other extremity and with no (G-1 plot) or a limited number of small secondary clusters. In order to further characterize the organization of such patches, we reapplied SADIE to a smaller subset of data delimitated by the dimensions of these patches (5 × 13 quadrats for G-1 and 5 × 11 quadrats for G-2). Significant clustering (n i = 1.6.76 and P = 0.0146 for G-1; n i = 1.71 and P = 0.0082 for G-2) was still detected in these reduced areas but was much less intense; a unique patch cluster of 22 quadrats was still detected in the subarea of G-1, whereas the G-2 subarea enclosed four distinct patch clusters ranging from two to five quadrats in size (data not shown). This overall highly aggregated pattern contrasted with the spatial patterns observed in the other plots of the same region, for which clustering was less intense or nonsignificant (I a ranging from 0.77 to 2.49 and n i from 0.74 to 2.4).
The spatial patterns appeared more homogeneous among the plots of the Pyrénées Orientales region in which overall aggregation was significant. In six of the seven plots, large patches encompassing 14 to 35 quadrats were detected as well as a limited number of secondary patch clusters (Table 6 ). When SADIE was reapplied on smaller subsets focusing on these large patches, clustering was still detected and was characterized by smaller patch clusters, with the exception of plot PO-7 in which the pattern was more homogeneous (data not shown). Only one plot (PO-2) revealed a more complex significantly clustered spatial pattern with numerous patches, ranging from two to nine quadrats in size.
DISCUSSION
Spatial pattern analysis of peach trees infected by PPV-M was undertaken in various peach orchards of southern France. To our knowledge, this study constitutes the first precise characterization of the spatial pattern of this aggressive strain in peach orchards. A wide range of patterns was detected, from no aggregation to very high aggregation of symptomatic trees, suggesting that aphid transmission of the virus to neighboring trees occurred frequently but was not systematic. The ecological conditions occurring in a particular orchard probably had a major influence on the resulting spread of the disease.
In France, when infections related to the PPV-M strain are discovered, removal of symptomatic peach trees is mandatory, and the entire orchard block is removed when disease incidence exceeds 10 to 20%. Most of the plots presented in this study were discovered during the first years of the PPV-M epidemics in southern France (i.e., end of the 1980s and the beginning of the 1990s), when surveys were not systematic over large areas of production. For this reason, the discovery of the disease in some of these plots may have occurred several years after its introduction and disease incidence was already relatively high. Thus, a multiyear study of the spread of the disease was not always possible due to the immediate destruction of the plots when the disease incidence triggered eradication procedures.
Various point pattern and correlation-type methods were used to describe and analyze the spatial patterns of symptomatic trees, each of them bringing unique insights at some specific spatial scale. As previously pointed out by others (39, 42, 49) , the results of each approach can be combined in order to get a more comprehensive picture of the spatial patterns occurring in the plots studied. Indeed, information concerning the spatial relationship of adjacent PPV-infected trees could be inferred from ordinary runs and from the analyses of heterogeneity of disease incidence for the data grouped into quadrats; high heterogeneity of disease incidence indicating high similarity of disease status within the quadrats (49) . SADIE and its red-blue extension were used to investigate spatial patterns at a larger scale, i.e., spatial arrangement of quadrats with infected trees. With our PPV data sets, results from SADIE were in very good agreement with those obtained from spatial autocorrelation (data not shown). Because SADIE was specifically designed to detect clusters in the form of patches or gaps independently of the numeric properties of the data, it was sensitive enough to detect patterns even when disease incidence was low (approximately 5%) or when only loose clusters of symptomatic trees occurred. On the other hand, when there was a very strong contrast between large patches and gap clusters (e.g., plots G-1, G-2, and PO-4), reapplying SADIE to a smaller subset of data was useful to establish differences that were not apparent at a larger scale (7) .
Influence of an infected tree on the disease status of its neighbors and local area of spread. Results from the ordinary runs and heterogeneity analyses of disease incidence were generally in good agreement, evidenced by a linear relationship between the proportion of rows with aggregation of infected trees (within-row orientation) and the values of both the beta-binomial q parameter and dispersion index (D) (data not shown). Ordinary runs indicated less aggregation across rows, but the smaller number of plants in this orientation likely had a strong influence on the power of the test. Based on the values of q, r, and D, a variety of patterns were evidenced among the plots tested, from no heterogeneity to very high heterogeneity of disease incidence. However, aggregation was clearly detected in a majority of plots (15 of 18) for at least one assessment and for all quadrat sizes from 2 × 2 to 4 × 4 trees. This result suggested that PPV-infected trees often influenced the PPV status of their adjacent neighbors, within areas circumscribed by at least 16 trees (larger quadrat size tested).
SADIE confirmed that clustering of symptomatic trees extended beyond the limits of the quadrats of 2 × 2 trees in 14 of the plots studied. Despite the variability of patterns found among the plots, ellipsoidal patch clusters extending in the row direction, from 4 to 14 trees within rows and 2 to 10 trees across rows, were often detected in the plots. Such clusters of infected trees can be interpreted as local areas of influence of PPV spread and are consistent with what is commonly observed with nonpersistent plant viruses, in which virus spread tends to be localized around primary foci of infection (48) . The very large patches observed in some plots of both Gard and Pyrénées-Orientales areas (e.g., G-1, G-2, PO-4, and PO-7) might reflect a different situation. The incidence of the disease was generally higher in these plots, and multiple local clusters of infection might have coalesced previously to form much larger and dense areas of infection in the plots, as was the case for G-1 and PO-7. Indeed, strong q and D values indicated a very high similarity of disease within quadrats, and SADIE reapplied specifically to these areas of infection demonstrated a more homogeneous pattern. In contrast, the large patches observed for G-2 or PO-4 plots were more heterogeneous when SADIE was reapplied to a smaller data set; clustering was still detected in these areas characterized by several smaller patch clusters, and point pattern analysis suggested that aggregation of symptomatic trees within quadrats was less intense.
Despite the low number of assessments through time available for the same plots, the dynamics of aggregation related to increasing disease incidence was demonstrable at all spatial scales from both the analyses of heterogeneity of disease incidence and SADIE. The relationship between aggregation and disease incidence was not clearly seen at first by examining q and D values due to the high variability among the plots and also because only a very low number of plots were surveyed for several years. In these cases, the increase in disease incidence might have been stabilized somewhat because of the removal of symptomatic trees. However, when all the plots were considered concomitantly, the binary form of Taylor's power law clearly demonstrated that the degree of aggregation was a function of disease incidence for all quadrat sizes tested. This increasing clustering with time was also shown by SADIE by increasing values of clustering indices as well as patch cluster sizes.
Such aggregation of PPV-infected trees in relation with disease incidence suggests a vector transmission among neighboring plants from internal sources, in accordance with the polycyclic nature of the Sharka epidemic. New PPV infections occurring in the immediate proximity of previously infected trees have been observed in France in apricot orchards infected by the PPV-D strain (34) , but this does not appear to occur frequently in the PPV epidemics in the United States (15) and was not observed in older peach and apricot orchards in Spain (10) . In Spanish orchards, secondary spread of the disease by viruliferous aphids several trees away rather than to the immediately adjacent trees was suggested. One of the explanations proposed was that the spread of the disease was probably due to a migratory vector species rather than to a species colonizing Prunus crops (such as Myzus persicae Sulzer). Indeed, differences in the spatial patterns of spread of a semipersistent virus (Citrus tristeza virus) have been attributed to the presence/absence of colonizing versus migratory aphid species in citrus orchards (11) (12) (13) . Noncolonizing species, i.e., potentially migratory species such as Aphis gossypii Glover and A. spiraecola Patch, both efficient vectors of PPV, have been found to be abundant in apricot orchards of the Mediterranean region (1, 23, 26) . Unpublished data suggest that no major differences exist in the diversity of aphid species visiting apricot versus peach orchards in the South of France (G. Labonne, unpublished data). Thus, the aggregated pattern of infected trees observed in this study cannot be linked to the flight behavior of a specific aphid vector species.
Longer-distance relationships between clusters of infected trees. Relationships between clusters of diseased trees at longer distances also were evidenced by SADIE. A large patch cluster and one to several smaller ones were detected in the majority of plots. These secondary clusters were preferentially oriented in the row direction up to 90 m from the main patch. Very few clusters were oriented in the across-row direction. However, the elongated rectangular shape of some of the plots tested may have hampered the detection of across-row associations. The occurrence of such smaller clusters can be interpreted as resulting from a secondary spread of the disease over longer distances from the largest focus, but can also represent later introductions from sources of inoculum outside the plots by more mobile vectors. In any case, shorterdistance vector transmissions occurred later in the epidemics, producing clusters of infected trees large enough to be detected by SADIE. In addition to these clusters, a number of infected trees, isolated or in groups of two to four, occurred in these plots but could not be detected by SADIE, which is not designed for this purpose.
Variability of spatial patterns among PPV-M-infected plots.
A variety of spatial patterns emerged when plots were compared with each other. An aggregated disease pattern, more or less intense depending on the plot, was observed at all spatial scales investigated in 14 of the 18 plots studied. Random disease patterns were much more likely to occur in the remaining four plots (G-3, G-9, PO-1, and PO-8). However, there was not a complete lack of pattern in two of the plots (G-9 and probably PO-1) as evidenced by SADIE with the detection of a few very loosely aggregated clusters of infected trees. Because virus incidence in these two plots was still low (less than 0.1), the eventual development of some aggregation cannot be ruled out. In contrast, disease incidence was much higher in plot G-3 (p = 0.21), and symptomatic trees were clearly scattered over all the plot dimensions.
One reason for such variability among the plots is probably due to the fact that the disease was often discovered several years after its introduction in the plots and the variable disease incidence at discovery blurred the initial spatial pattern to some extent. The mechanisms by which disease became established in the plots and the ecological conditions occurring in a particular orchard also appeared to have a major influence on the resulting pattern of disease through time.
Disease introduction in the plots may have been related to immigrant viruliferous aphids coming from external sources of infection or, in some cases, to the use of contaminated planting material. The latter mechanism is less likely to have occurred in more recent plantings because of the application of strict programs of certification of virus-free plant material and rules for the isolation of nurseries from commercial orchards. However, both mechanisms of disease introduction can result in very low incidence, random distributions of PPV-infected trees, or occasionally in higher incidence and more aggregated distributions that may impact on the future development of spatial patterns of the disease (48) . The influence of strong external sources of infections was clearly exemplified with plots G-1 and G-2, in which large patches of infection sharing a long boundary with one edge of the plots were detected and disease gradients were observed. Severely infected peach orchards, located upwind and contiguous to these plots, most likely acted as strong sources of inoculum, inducing a dense deposition of viruliferous aphids at one end of G-1 and G-2 plots. Similar mechanisms probably occurred in several plots from the Pyrénées-Orientales area (especially PO-4 and PO-7) for which the spatial patterns of disease were comparable to those found for plots G-1 and G-2. In contrast, introductions of contaminated plant material in a strong grouping were most likely to have occurred in plot PO-5, for which a very highly aggregated spatial pattern was detected despite the low disease incidence in the plot and the lack of known sources of inoculum in the proximity.
Despite the potential impact of such disease introductions in some of the plots, the resulting spatial patterns appeared to be mainly associated with secondary spread of the disease via aphid vectors. Short-distance transmissions were clearly suggested in this study. Longer aphid transmissions likely occurred as well, in combination with shorter ones or as a dominant process, especially in the plots for which a random pattern of disease was identified. Numerous colonizing and migratory aphid species are able to transmit PPV and are found in the Prunus-growing regions of southern France (26) . Thus, it is unlikely that only one species is responsible for the spatial patterns that develop through time in the plots analyzed (26) . Numerous other factors may also modify aphid flight behavior and thus the resulting spatial patterns of infected peach trees, even within the same production area. The physical structure of an orchard affects wind flow in and above the orchard canopy and may thus influence the active flight of the vectors (24) . The age of the trees, the density of planting, and the level of canopy opening varied among the plots analyzed (Table 1) and likely affected the resulting variability of spatial patterns of the disease even if the specific role of these factors could not be identified.
The spatial patterns of Sharka disease related to the PPV-M strain observed in this study do not appear to be specific to this particular strain. Previous studies have shown that PPV-D infections also may result in aggregated patterns in both apricot and plum orchards in France and Italy (16, 34) , whereas in other studies of the same Prunus spp. and those including peach orchards resulted in very weak or no aggregation at all (10, 15) . A recent but limited study of PPV-M spread in apricot orchards in Greece also suggested that the nearby ecological conditions had a strong impact on the variable spatial patterns of the disease observed in the orchards (51) .
The frequent occurrence of clusters of infected trees observed in the majority of the peach orchards of this study has implications relative to control of the disease. Because surveys in France rely on visual inspections, latent infections are missed. Such latently infected trees, however, can play a significant role in disease spread, especially in early spring before inspections and removals start. To counteract such events, earlier inspection cycles have been implemented during the last few years in the South of France, relying on symptoms expressed in flowers in early spring. Taking into account the information revealed in this study, a better control probably could be achieved by also removing asymptomatic trees in the proximity of the symptomatic ones. A study of the dynamics of PPV spread over a longer period of time, especially in the current conditions of removal of symptomatic trees, would help to more accurately assess the impact of such measures.
